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- The timely characterization of the
human and ecological risk posed
by thousands of existing and
emerging commercial chemicals is
a critical challenge facing EPA in its
mission to protect public health and
the environment

- While advances have been made in
HT toxicity screening, exposure
and dosimetry prediction methods
applicable to 1000s of chemicals
are needed

Office of Research and Development

Introduction

GIVE ADOG A PHONE
Technology for our furry friends

NewScientist

We've made
150,000 new chemicals

Tia

We touch them,
we wear them, we eat them

But which ones should
we worry about?

SPECIAL REPORT, page 34
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Most violence The greatest ever find Artificial worm could
.ﬂsowtuous of early human bones be first digital animal
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e Wild (2005): The Outstanding Challenge of Environmental
Exposure Measurement in Molecular Epidemiology

 Examination of the small molecule metabolites that constitute
the metabolome offers opportunities to address exposure

Pan metabolome }]
. L 3820 chemical
* Park et al. (2012): | s |
3221 chemicals in 1485 Chemicals 2335 Chemicals
humans, many Commo_n to Sevgn Present m Some
Mammalian Species Species
d p pea r tO be f : ) ! Environmental Chemicals
Module 1 Module 2 Diet
exog enous [[644 chemicals] 841 Chemicalsj Ch;ema:gls
Highly Environmental Chemicals Endobiome-
ERggulated Dietary Chemicals related Chemicals
'\; etc;%?i?:ss Endobiome Chemicals Pharmaceuticals

Variable, Species-specific
ndogenous Metabolites
Office of Research and Development .
Pharmaceuticals

Figure modified from Park et al. (2012)
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- Tox21: Examining >10,000 chemicals using L Tk 1 )
~50 assays intended to identify interactions LSS ©NE., .

with biological pathways (Schmidt, 2009)

A

In vitro Assay AC50 \

l

- ToxCast: For a subset (>1000) of Tox21
chemicals ran >500 additional assays
(Judson et al., 2010)

Response

- Most assays conducted in dose-response S
format (identify 50% activity concentration — Concentration
AC50 — and efficacy if data described by a Assay AC50
H|” function) lwnh Uncertainty

mmmmmm
o © o © o o ©

- All data is public: http://actor.epa.gov/
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Concentration (uM) /

-
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SEPA Risk Prioritization Requires
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* Tox21/ToxCast: Examining thousands of chemicals using high throughput
screening assays to identify in vitro concentrations that perturb biological
pathways (Schmidt, 2009) mglkg BW/day

N

* In Wetmore et al. (2012), High

throughput toxicokinetic in vitro Potential Hazard

methods are used to from in vitro with
. . . Reverse
approximately convert in vitro Toxicokinetics

bioactive concentrations (uUM)

into daily doses needed to

produce similar levels in a

human (mg/kg BW/day) Potenta EE:SS(S:‘;Z
* These doses can then be directly

compared with exposure rates,

where available Lower Medium Risk  Higher
Risk Risk
December, 2014 Panel:
_ “Scientific Issues Associated with Integrated Endocrine
Office of Research and Development Bioactivity and Exposure-Based Prioritization and Screening®

DOCKET NUMBER EPA-HQ-OPP-2014-0614
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Toxicokinetics, and Exposure
300
250
200 4 m ToxCast Chemicals
Examined
150 B Chemicals with
Traditional Exposure
Estimates
100 - B Chemicals with
Traditional in vivo TK
50 -
0 _

ToxCast Phase | (Wetmore et al.
2012)

_ Office of Research and Development ° TOXC&St Phase I fOCUSGd On I’e|atlve|y data-I’ICh
pesticides — but there was little TK data



wEPA In Vitro Bioactivity, In Vitro

United States

Environmental Protection ® [J o
Toxicokinetics, and Exposure
300
250
200 - M ToxCast Chemicals
Examined
150 - B Chemicals with
Traditional Exposure
Estimates
100 - ® Chemicals with High
Throughput TK
50 -
0 —

ToxCast Phase | (Wetmore et al.
2012)

Office of Research and Development ® StUdles ||ke Wetmore et al- (2012),addr9339d
the need for TK data using in vitro methods



wEPA In Vitro Bioactivity, In Vitro
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oxicokinetics, and Exposure
300
250
200 - ™ ToxCast Chemicals
Examined
150 - B Chemicals with
Traditional Exposure
Estimates
100 - M Chemicals with High
Throughput TK
50 -
0 -
ToxCast Phase | (Wetmore et al. ToxCast Phase Il (Wetmore et
2012) al. in preparation)
IR oice of Research and Development - For non-pesticide chemical space, there is a paucity of data

for providing context to HTS data (Egeghy et al. (2012))



SEPA Extending Network Analysis to

United States

weerer Develop the Exposome

Chemical exposure perturbs coupled networks spanning multiple levels of biological
organization

Measurements show not just one xenobiotic chemical, but thousands (the

Outstanding Challenge of Environmental Exposure Measurement in Molecular
Epidemiology)

High throughput exposure tools are essential for understanding the Exposome

Population
~&— V/ulnerabilities

Life Stage,
~%— Dijsease
Susceptibility

-s— (Genetic
Susceptibility

N Environmental Perturbation
Toxicity Pathway
#Mk Adverse Outcome

Figure modified from Edwards and Preston (2008)

_ Office of Reseal




\“’;EPA Goals for High Throughput
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Exposure Forecasting: ExpoCast

- Incorporate multiple models into consensus predictions
for 1000s of chemicals

- Evaluate/calibrate predictions with available
measurement data across many chemical classes

- Empirically estimate uncertainty in predictions

Office of Research and Development



High Throughput Exposure
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https://federalreqister.gov/a/2014-12593
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New methods for Exposure
Forecasting (ExpoCast)
currently being considered
for prioritization of chemical
testing in the Endocrine
Disrupter Screening
Program (EDSP)

Favorably reviewed by July
2014 Federal Insecticide,
Fungicide, Rodenticide Act
(FIFRA) Scientific Advisory
Panel (SAP)

Forecasts

Exposure SAP White Paper

New High-throughput Methods to
Estimate Chemical Exposure

Agency/Docket Numbers:

11

EPA-HQ-OPP-2014-0331
FRL-9910-22

Office of Research and Development

Scientific Advisory Panel Meeting, July 2014
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SEPA Exposure Space
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Consumer ya \
Products, Articles, \
Building Material Environment
al Release
Direct Use Residential Use

(e.g., lotion) (e.g. ,flooring)

MEDIA
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RECEPTORS Human ora and Fau
\’ ’ \’
MONITORING Biomarkers Media Samples Biomarkers
DATA of Exposure of Exposure
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Figure from Kristin Isaacs



SEPA Exposure Pathways
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Figure from Kristin Isaacs
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Figure from Kristin Isaacs



SEPA Inference of Exposure

United S
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Consumer yrd
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Building Material Environment
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Figure from Kristin Isaacs



SEPA Evaluation of Forward Predictions
envronmenta rrotecion WER Inferred Exposure
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Consumer i \
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Building Material Environment
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Direct Use
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How To Deal with Uncertainty

“Useless Arithmetic: Why Environmental Scientists Can’t Predict the Future” (Pilkey &

Pilkey-Jarvis, 2007)

“The Signal and the Noise: Why Many Predictions Fail — But Some Don’t” (Silver, 2012):

1)

2)

the signal 2o A
and the noise a1
the noise and | ‘17

noise and the nd
why most noise

predictions fail §
but some don’t 1
and the noise an
the noise and th

ﬁate silver noi j 3)

Office of Research and Development

Think probabillistically (especially, Bayesian): Consider an
approach that evaluates model performance
systematically across as many chemicals (and
chemistries) as possible

Forecasts change: Today’s forecast reflects the best
available data today but we must accept that new data
and new models will cause predictions to be revised

Look for consensus: Evaluate as many models and
predictors/ predictions as possible



SEPA Systematic Empirical

United States ) [
Soatosmerta rteor Evaluation of Models
Apply calibration and uncertainty to

/EDSP other chemicals

Chemicals ﬁ

q N
QSARs an )
HTE Data Estimate Calibrate
Uncertaintyl models

e

Biomonitoring
Data Exposure

Inference

Dataset 1

Inferred (Reverse) Exposure

Vv

Model 1 |:> Forward Predictions ﬁ)

Model 2 <
Evaluate Model Performance

Office of Research and Development and Refine Models



SEPA SEEM Evolution — Human Exposure
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Model and Predictors Calibration / Evaluation Data SEEM Conclusion

* Existing complex fate and

|
c! transport models have low
D | “ RAIDAR NHANES correlation to measured
O | ) Urine exposures
2. Near Field / Far Field Data * Near field factor most
— | important
| Production Volume
......................................................... ]
| .
cC - Use Categories * Simple, readily available data
8 ' NHANES * Better correlation to
I Production Volume Urine measured exposures
T Data * Similar prgdictions across
N I Phys-Chem Properties demographics
T e e e
. * Analysis ongoing
|
c | p"Titerature NHANES
8 ; Models Urine + Blood
| Data
o I CPcat Database ;
CY) " f o s s mm n mm r mm s o s mm s mm o mm r mm r o s o s mm o mm r mm r e h e s o s mm  mm h mm d e o s mm s mm  mm k= —

Office of Research and Development



SEPA Coverage of Exposure Pathways:
aemnaroeen Data and Models

EXPOSURE

PATHWAY Dietary Far-Field Ecological
(MEDIA + RECEPTOR)
Ecological
RECEPTORS Human Flora and Fauna
MONITORING Biomarkers Media Samples Biomarkers
DATA of Exposure of Exposure

* Prior to 2013, most high throughput exposure models covered far-field (industrial release)
and dietary (industry + agricultural pesticides) exposure pathways (Rosenbaum et al., 2006,
Arnot et al. 2006)

» Usage of chemicals that are likely to have high exposure from these routes has been
reduced (e.g., PCBs, DDT)

» Far-field chemicals and pesticide actives likely to be below NHANES limit of detection
(Wambaugh et al., 2013, 2014)

Office of Research and Development

Figure modified from original by Kristin Isaacs



SEPA Coverage of Exposure Pathways:
aemnaroeon Data and Models

EXPOSURE Near-Field Near-Field

PATHWAY . Dietary Far-Field Ecological
(MEDIA + RECEPTOR) Direct Indirect
Ecological
RECEPTORS Human Flora and Fauna
MONITORING Biomarkers Media Samples Biomarkers
DATA of Exposure of Exposure

» Far-field chemicals and pesticide actives likely to be below NHANES limit of detection,
but chemicals with near field sources of exposure are often detectable in the urine of
NHANES participants (Wambaugh et al., 2013, 2014) (TEAM study found this for volatiles
— Wallace et al., 1987)

* New data sources developed to characterize chemical usage in consumer products (e.g.,
Goldsmith et al., 2014, Dionisio et al., 2015)

 New models developed to characterize exposure to thousands of these chemicals (e.g.,
Isaacs et al., 2014)

Office of Research and Development

Figure modified from original by Kristin Isaacs



SEPA Predicting NHANES exposure rates
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__1e03- — /'/ R?= 0.5 indicates
g = - = that we can predict
£ ————e—— e 50% of the
g; . =// chemical to
8 eos- — chemical variability
o : iz in mean NHANES
2 ; ; exposure rates
® i
2 = Same five
S1e-07- .
n predictors work for
% all NHANES
8 e demographic
% groups analyzed —
,%10—09— stratified by age,
= sex, and body-

. . | mass index

1e-08 1e-05 1e-02

Predicted Parental Exposure (mg / kg body weight / day)

Office of Research and Development

Wambaugh et al., 2014



S EPA High-throughput exposure

E\g\(.;irr‘gcmental Protection h e u ri Sti c s

Number of Chemicals

Inferred NHANES .
Chemical Exposures Full Chemical

Heuristic Description (106) Library (7784)

0 1) L8O BT TR IR Chemical substances in consumer products (e.g., toys, personal
(O 1 (o= VA N (o N IR EINI OIS care products, clothes, furniture, and home-care products) that
use” are also used in industrial manufacturing processes. Does not
include food or pharmaceuticals.

37 683

ACToR “Chemical/Industrial
Process use with no
Consumer use”

Chemical substances and products in industrial manufacturing
processes that are not used in consumer products. Does not 14 282
include food or pharmaceuticals

ACToR UseDB “Pesticide

L Secondary (i.e., non-active) ingredients in a pesticide which
nert use

serve a purpose other than repelling pests. Pesticide use of

these ingredients is known due to more stringent reporting 16 816
standards for pesticide ingredients, but many of these

chemicals appear to be also used in consumer products

A0 1 180 TS T CRANE VR B Active ingredients in products designed to prevent, destroy,
repel, or reduce pests (e.g., insect repellants, weed killers, and 76 877
disinfectants).

TSCA IUR 2006 Total
Production Volume

Sum total (kg/year) of production of the chemical from all sites
that produced the chemical in quantities of 25,000 pounds or
more per year. If information for a chemical is not available, it
is assumed to be produced at <25,000 pounds per year.

106 7784

Office of Research and Development
Wambaugh et al., 2014



S EPA Calibrated Exposure Predictions
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avemena roccion - QI 7968 Chemicals

__ 10~
c’{,‘ '
©
o
=< ., 8
o 10~
£
o
>
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8_ 107 - Upper 95%
T Prediction
Median
: Prediction

10 100 1000
Chemical Rank by One-Sided Upper 95% Credible Limit in "Total' Demographic

—_

¢ 6-11 Year Olds * Total

Office of Research and Development

Environmental Science & Technology, in press



S EPA Calibrated Exposure Predictions
\’United States °
avemena roccion - QI 7968 Chemicals

—_ 10_1 i
>
@©
gl
o))
x
o
E
° NHANES
5 LoD
[72]
8_ Upper 95%
T Prediction
Median
i Prediction

10 100 1000
Chemical Rank by One-Sided Upper 95% Credible Limit in "Total' Demographic

—_

¢ 6-11 Year Olds * Total

- We focus on the median and upper 95% predictions because the lower 95%
Is below the NHANES limits of detection (LoD)

- Dotted lines indicate 25%, median, and 75% of the LoD distribution

Office of Research and Development

Environmental Science & Technology, in press



S EPA Calibrated Exposure Predictions
\’United States °
avemena roccion - QI 7968 Chemicals

107 -

NHANES Chemicals

107" - l
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©
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e
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£
P NHANES
5 LoD
3
o
>
Ll

1 10 100 1000
Chemical Rank by One-Sided Upper 95% Credible Limit in "Total' Demographic

¢ 6-11 Year Olds * Total

- Chemicals currently monitored by NHANES are distributed throughput the
predictions

- Chemicals with the first and ninth highest 95% limit are monitored by
NHANES

Office of Research and Development

Environmental Science & Technology, in press



S EPA Calibrated Exposure Predictions
\’United States °
avemena roccion - QI 7968 Chemicals

A10_1_
'CE IR PP LYY R Aae ghes,
2 B
° ®,

S 1074 - R -
o * :
e
;,’ [ [ N | NHANES
‘5 ...................................................... | LoD
3
S 107-
L

1 I I I

1 10 100 1000

Chemical Rank by One-Sided Upper 95% Credible Limit in "Total' Demographic

¢ 6-11 Year Olds * Total

- The grey stripes indicate the 4182 chemicals with no use indicated by ACToR
UseDB for any of the four use category heuristics

Office of Research and Development

Environmental Science & Technology, in press



\‘%EPA IBER Scientific Advisory Panel

U ted States

C (SAP)

I ToxCast
t
I Bioactivity
I 'ITITTTITTT.TTT'TTTTTT’” Converted to
t |t I mg/kg/day with

t

| .W,JT

l T HTTK

i
““ ] IR g g gees

Exposure
Predictions

ER Oral Equivalent Dose /
Predicted Exposure

ToxCast Chemicals
Prioritization as in

Wetmore et al. December, 2014 Panel:
(2012) Bioactivity, “Scientific Issues Associated with Integrated
Dosimetry, and Endocrine Bioactivity and Exposure-Based
Exposure Paper Prioritization and Screening*

Office of Research and Development DOCKET NUMBER

EPA-HQ-OPP-2014-0614
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Chem/ca/ to Chem/ca/ Var/abl

Refined Models and Better Data

of NHANES Blomonltor/ng

~10% Far field (Industrial) Releases
Wambaugh et al. (2013)

Contents lists available at ScienceDirect

Food and Chemical Toxicology

~50% Indoor / Consumer Use
Wambaugh et al. (2014)
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ABSTRACT: Screening organic chemicals for hazard and ri
health requires near-field human exposure models that ca
parametrized with available data. The integration of a mod
exposure, uptake, and bioaccumulation into an indoor mass b
provides a quantitative framework linking emissions in ind
ments with human intake rates (iRs), intake fractions (iFs)
state concentrations in humans (C) through consideratio
permeation, inhalation, and nondietary ingestion exposw
Parameterized based on representative indoor and a
characteristics, the model is applied here to 40 chemicals
in the context of human exposure assessment. Intake fraction
concentrations (Cy) calculated with the model based on a t
rate to air for these 40 chemicals span 2 and § orders o
respectively. Differences in priority ranking based on either i
elimination processes within the human body. The model
representative of many in-use chemicals to show how the
chemical properties and to dlustrate the capacity of the 1

S P Aoty

and two new
near field models
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Peaks Diff(Tgt<5ppm)
Peak Area>10,000

1502 peaks
Omin-45min

IOLLIENTS/SKIN CONDITIONERS
KING/PERFUMING AGENTS

COSITY CONTROL /EMULSION STABILIZERS
DING AGENTS

0 5 10 15 20 25 30 35 40 45
Retention Time (min)

New Monitoring Data

New data on chemicals
within and emission from
consumer products

5 Consumer New data on
niclsen |[maas.  swscoemi
© ® o o o o o o o | |nformation properties

CSS Rapid Exposure and Dosimetry



o EpA Chemical Use Information for
Vi >30,000 Chemicals

Agency

* Chemical-Product Categories (CPcat) database maps many
different types of use information and ontologies onto each
other

* Includes CPCPdb (Goldsmith, et al., 2014) with information on
>2000 products from major retailors

12 Chemical Use
Categories

Antimicrobials

Chemical Industrial Process

* Largest single database has coarsest information: ACToR UseDB Consumer
Dyes and Colorants
Table: Hits per use category for a given chemical Fertilizers
CASRN Category 1  Category 2 ... Category 12 Food Additive
65277-42-1 0 10 . 1
Fragrances
50-41-9 31 7 3 —
Herbicides

Personal Care Products

Binary matrix Pesticides
CASRN Category 1  Category 2 ... Category 12 Petrochemicals
65277-42-1 0 1 o 0 Other
50-41-9 1 1 0

Office of Research and Development

http://actor.epa.gov/cpcat/ Dionisio et al. (2015)
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=]
::

Number of HTTK Chemicals

High Through Toxicokinetics

= We now have high throughput in vitro data
allowing toxicokinetic (TK) predictions for ~500
chemicals — ToxCast is collecting more

= We can use in vitro data, physico-chemical
properties, high throughput physiologically-based
TK models, and transporter QSARs to decide
whether HTTK methods are appropriate for a
given chemical

1000.0- e

: A

TriageCatg;a;ry “ g 10.0- ”5,»"’ < “,‘; ’
h R
= All tools and data publically available on CRAN = ST,
(R package “httk”) £ o - . S s
= We are also developing an in vivo data set for ~

better evaluation of methods for u | | |

environmental chemicals " Predicted AUC (mg/Lh)

Office of Research and Development

Route * iv # po * sc

Class * Other (7) & Pharmaceutical (15)



STAR Grantees
<EPA New Methods in 21st Century
Exposure Science

Environmental Protection
Agency

Principal Institution Title of Application
Investigator

Tracking Semivolatile Organic Compounds (SVOCSs)
Indoors: Merging Models and Field Sampling to
Assess Concentrations, Emissions, and Exposures

University of

EeiliitiBevoial California, Davis

Stapleton, Heather Duke University  Residential Exposure of Young Children to SVOCs

University of A Non-targeted method for measuring multiple
Woodruff, Tracey  California, San chemical exposures among a demographically diverse

Francisco population of pregnant women in Northern California

University of 3-dimensional micro-gas chromatography device for
Fan, Xudong . : . :

Michigan rapid and sensitive indoor air exposure assessment
Little. John Virginia Tech Rapid methods to estimate exposure to SVOCs in

indoor environments

Office of Research and Development



<EPA Gas-Phase Concentration Model

Environmental Protection
Agency

« 73 total chemicals in model
including SVOCs! reported
from Wilke et al. (2004)

* 4 chemicals reported from
Little et al. (2012)

* 1 main physicochemical

property that model data (VP).

Other predictors include
formulation descriptors.

Acronyms:

SVOCs = Semivolatile Organic Compounds
FRs = Flame Retardants

VP = Vapor Pressure

Y. = Gas-phase concentration

Office of Research and Development

Predicted Y, (ug/m®)

1e+03 -

1e-05 -

R*2 =0.55, p = 2.4E-15

Article Categories

adhesive

* adhesive_primer

* carpet

* NA

* pvc

* resilient_flooring_linoleum

¢ resilient_flooring_polyolefine
resilient_flooring_PVC
resilient_flooring_rubber

* sofa

1 1 I
1e-02 1e+00 1e+02

Reported and/or Calculated Y, (ug/mE)
Slide from Chantel Nicolas



wEPA ExpoCast Contracts

United States
Environmental Protection

Awarded in December 2014

Exposure Screening Tools for Accelerated Chemical Prioritization
(ExpoCast)

Two awardees:

Battelle Memorial Institute (Columbus, OH) and
Southwest Research Institute (San Antonio, TX)

The EPA is interested in building models to quantitatively predict potential exposure for thousands of chemicals in
commerce. Results will be used in the ExpoCast project to evaluate, calibrate and reduce uncertainty in exposure

model predictions and for prioritizing compounds for more in-depth testing and risk assessment. To support
computational models three kinds of exposure measurement data are required:

(1) key physical-chemical properties
(2) chemical emissions from consumer products used indoors
(3) chemical occurrence in products, environmental, and biological media

Office of Research and Development



SEPA ExpoCast Contracts
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Agency

- We refine exposure predictions and characterize uncertainty in
chemical exposures by examining the predictive ability of models and
the coverage (or lack thereof) of critical pathways

- Data goals for ExpoCast contracts:

(1) Key physical-chemical properties:
- Model predictions depend on physico-chemical properties, for some

classes of relevant chemicals these properties have never been
measured

- We wish to augment existing predictive quantitative structure-activity
relationships (QSAR) with measurements for new classes
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SEPA ExpoCast Contracts
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- We refine exposure predictions and characterize uncertainty in
chemical exposures by examining the predictive ability of models and
the coverage (or lack thereof) of critical pathways

- Data goals for ExpoCast contracts:

(2) Chemical emissions from consumer products used indoors:

If we are lucky enough to figure out the chemical composition of a
product, we need data to characterize emission of the chemical from
the product

Our goal is to build sufficiently diverse library (representative
chemical-product combinations) to allow QSAR estimates of
emission
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SEPA ExpoCast Contracts

United States
Environmental Protection
Agency

- We refine exposure predictions and characterize uncertainty in
chemical exposures by examining the predictive ability of models and
the coverage (or lack thereof) of critical pathways

- Data goals for ExpoCast contracts:

(3) Chemical occurrence in product, environmental, and biological media

- Product deformulation — linking chemicals to products helps
determine exposure pathways

— There are many chemicals (e.g. packaging materials) that are not
deliberately added by final product manufacturer

- Enhanced monitoring data

— We need to better characterize exposures both to more diverse
human populations and to more diverse chemistries (e.g., non-
targeted screening)
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- Interpreting the Exposome requires insight at all levels of biological
and social organization

- There are low levels of thousands of chemicals present in the
metabolome, relating these to exposures and health effects is an
Important unsolved problem

- The exposure pathway is the actual interaction of the receptor and
media, and this event is often confounded by various sources of
uncertainty

- Can use a combination of forward modeling and reverse inference
from biomarkers of exposure to examine plausible exposures — there
IS a great need to carefully consider predictive performance with
statistical analysis

The views expressed in this presentation are those of the author and do not
necessarily reflect the views or policies of the U.S. EPA
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